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Abstract

Dissolved gas analysis (DGA) is a very important and reliable technique for fault identifi-
cation in transformers to prevent grid outages. However, DGA datasets are sometimes
imbalanced and also affected by uncertainty due to the presence of varying levels of noise,
and this reduces the prediction accuracy of classification models. In this paper, we proposed
a hybrid approach that combines the Random Forest classifier with multiple resampling
techniques such as Random Over-Sampling, SMOTE, ADASYN, Borderline-SMOTE
(versions 1 and 2), SMOTE-ENN, and SMOTE-Tomek. These methods were evaluated
to identify the best combinations under different levels of uncertainty. Experiments
were done on a publicly accessible DGA dataset with the addition of Gaussian noise
(0%-20%) that simulates practical uncertainty caused by data measurement errors. The
results indicate that SMOTE obtained the highest average accuracy of 82.46% and 81.29%
with training-testing splits of 70:30 and 80:20, respectively. In addition to SMOTE,
random oversampling achieved the highest average accuracy of 83.19% using a 90:10 split.
These accuracy values are averages across all noise levels tested. The results suggest that
appropriate selection of a resampling method improves fault identification of a random
forest classifier under Gaussian noise.
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1. Introduction

Power transformers are critical equipment for the reliability of the power grid. When
this equipment fails is due to malfunction, total blackout follows, and repair or re-
placement is very costly. Because of this, regularly maintaining the equipment is
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highly recommended to prevent the occurrence of this problem. Dissolved gas analysis
(DGA) is one of many tools used by power utilities to examine the internal condition of
a transformer. A sample of insulating oil is taken, and the dissolved gases are extracted
and analyzed to examine the internal condition of the transformer [1]. DGA is an
advantageous diagnostic technique because it can be performed without taking the
transformer out of service.

A new or normally operating transformer contains a small amount of hydrogen
(Hz), methane (CHy), ethane (CyHg), ethene (CoHy), and acetylene (CoH,) gases
in insulating oil. But when there is a fault due to electrical or thermal stress, there
is a rise in the concentrations of these gases. The presence and levels of these gases
are indications of specific fault types, including corona, arcing, and overheating [2],
[3]. To predict the potential presence of any of these faults, conventional methods
such as the Key gas method, Doernenburg ratios, Roger’s ratios, IEC codes, and
the Duval triangle and pentagon are applied to interpret gas concentrations [4], [5],
[6]. Although these methods are simple, they have low accuracy due to high data
complexity and may easily lead to false diagnoses.

Artificial intelligence (Al) and machine learning (ML) techniques have recently
been applied to overcome the limitations of conventional diagnostic methods. For
example, [7] used a hybrid approach by combining fuzzy logic and particle swarm
optimization to improve the diagnostic accuracy of Roger’s four-ratio method and IEC
60599 codes. In [8], artificial neural networks (ANN) were implemented to classify
incipient faults using DGA training data. The research article [9] introduced the PSO-
ANN method that solves the limitations of the traditional ANN by optimizing ANN
learning with the particle swarm optimization algorithm. A deep machine learning
algorithm in [10] was proposed to learn the complex patterns in DGA data that limits
the performance of conventional ANNs. Other machine learning techniques that have
been applied to improve the diagnostic accuracy of the traditional DGA methods are
decision trees [11], random forests [12], [13], k-nearest neighbors (KNN) [14], and
support vector machines (SVM) [15]. Although these approaches have shown better
fault diagnosis, they still struggle with the problems associated with data uncertainty
due to measurement errors and imbalanced DGA datasets.

There are research papers that have proposed machine learning models that deal
with data uncertainty and data imbalance. In [16], the paper proposed a hybrid gray
wolf optimizer (HGWO) to refine fuzzy membership rules that can accommodate
uncertainties in DGA data. A convolutional neural network (CNN) was proposed
to improve diagnostic accuracy in the presence of noise in DGA data [17]. Many
articles, on the other hand, have proposed data balancing methods to improve machine
learning DGA-based fault classification [18], [19], [20], [21], [22], and [23].

Although there is extensive research carried out on data uncertainty and imbalance
in DGAbased fault identification, the existing studies have solved these problems
separately. Another limitation is that how different data balancing methods perform
under varying degrees of data uncertainty has not yet been investigated. Therefore, the
objective of this paper is to evaluate the performance of the random forest classification
model under both data uncertainty and imbalance as follows:

1. Training and testing the random forest model on datasets with varying degrees of
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uncertainty (0% to 20%).
2. Comparing the performance of different combinations of random forest and data
balancing methods across a range of data uncertainty to find the best combination.

We organize the rest of this paper as follows: In Section 2, we briefly discuss
dissolved gas analysis (DGA), data uncertainty, and data imbalance. In Section 3, we
briefly discuss the methods used in the paper. These include resampling methods,
the classification model, and dataset collection. Section 4 discusses the results and
comparison of the proposed models with the previously used approaches in the article
that used the same dataset. In Section 5, we draw the conclusions from the findings
and give recommendations for possible future research directions.

2. Related Work

In this chapter, we discuss the key concepts and established theories that are used
in this paper. Here, we present background information in a concise form so that
understanding the materials related to the research and proper interpretation of the
results will be clear and easy. The topics that are going to be discussed under this
chapter are dissolved gas analysis (DGA), data uncertainty, and data imbalance.

2.1 Dissolved Gas Analysis (DGA)

Dissolved Gas Analysis (DGA) was first proposed between the late 1960s and the
early 1970s as a diagnostic method for condition monitoring of oil-immersed power
transformers. An oil sample is taken from transformer insulating oil, and the oil
is tested for the presence of gases whose formation is an indication of a faule [24].
Thermal or electrical faults cause decomposition of the insulating oil which produces
the formation of hydrocarbon gases such as hydrogen (H,), methane (CHy), ethane
(C2Hg), ethylene (C,Hy), and acetylene (CoHy). Other gases that can also be detected
during the testing include carbon monoxide (CO) and carbon dioxide (CO), which
are the result of paper insulation decomposition. Oxygen (O3) and nitrogen (N,)
may also be detected, but these gases are not caused by faults; they enter the oil from
the atmosphere. The interpretation of gas composition can be helpful for identifying
faults: low-temperature thermal faults (T1) produce CH4 and CyHg at temperatures
below 300°C, medium-temperature faults (T2) form CyHy at the temperature range
of 300-700°C, and high-temperature faults (T3) produce C;Hy4 and traces of C;Hg
above 700°C. Electrical faults such as partial discharges, lowenergy (D1), and high-
energy discharges (D2) produce characteristic gas profiles including H, and CHy for
corona (PD) and CyH, and H; for arcing (D1 and D2). Combined (electrical and
thermal) faults may produce a mix of all major fault gases.

2.2 Data Uncertainty

In any experimental process, ideal measurements are unattainable due to the presence
of errors and uncertainties. When a measurement is done, there is some degree of
uncertainty in the collected data [25]. Uncertainty refers to the range within which a
true value may lie. Incorporating the concept of uncertainty is crucial in scientific
research. It ensures that conclusions drawn from data are correct and reliable. When
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uncertainty is ignored, the analysis done from that data will lead to misleading results
and conclusions.

Uncertainty in measurements is caused by factors such as lawed measurement
instruments, external conditions, and human error. Any measurement should try
to minimize uncertainty as much as possible. In machine learning, understanding
uncertainty is important because the accuracy of a machine learning model depends
on the quality of the data used for training.

Gaussian noise was chosen because it reasonably approximates modeling uncer-
tainty in experimental data. This is because, according to the Central Limit Theorem,
when the sum of a large number of independent random variables with finite variance
is taken, the sum tends toward a Gaussian distribution, and this does not depend on
individual distributions of the contributing factors [26]. The noisy value of data can
be determined in the equation (1).

X' =X +N(0,0) (1)

/. . .
Where X' is a noisy value, X represents an original (true) value, N(0, o) shows
normal distribution with mean 0, and o represents a relative standard error from the
actual value, and it can be calculated using the equation (2).

0=X X — )

Where u is uncertainty percentage (randomly selected being either negative or
positive, for example, u = £5%)

2.3 DataImbalance

Data imbalance is the uneven distribution of classes in a dataset. Data imbalance
occurs when one or more classes have fewer samples than others. It is very common
in classification tasks where faulty conditions are rare, such as fraud detection, medical
diagnosis, fault detection in industrial systems, and many more. Machine learning
models trained on highly imbalanced data tend to be biased toward the majority
class [27]. This condition leads to low performance in classifying the minority class
correctly. Imbalance severity of data can be quantified using the imbalance ratio (IR)
in the equation (3).

C
IR = gj‘f’“ 3)

Where C,4x represents the size of the highest class, and Cjis the size of the j’h
class »

3. Methodology

In chapter 3, we outline the research methodology used in the research. We briefly
discuss the data collection and preparation, data resampling methods, and the random
forest classification model.
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3.1 Data Preparation

This research uses publicly accessible DGA datasets previously published in reputable
peerreviewed journals [28]. The collected data will then be used to develop a random
forest classifier for fault identification in power transformers. The total combustible
gases (Hp, CHy, CoHg, CoHy, CoHp) are used as input features for a random forest
classifier to predict fault types (PD, D1, D2, T1, T2, T3). The faults are labeled as
1 to 6 since the machine learning model may not work properly with categorical
outputs. This gas concentration will be used as input variables or features for the
machine learning model, which predicts the corresponding fault type. The table
below provides a summary of the collected DGA data.

Table 1. DGA dataset

Fault Identified Number of Samples Percentage (%)

PD 74 13
D1 91 15
D2 149 25
T1 111 19
T2 60 10
T3 104 18
Total 589 100

However, instead of using the raw gas concentrations directly, each gas con-
centration is converted into a percentage value relative to the total concentration of
the combustible gases to normalize all the features. The conversion is shown in the
equation (4).

G.
P; = 57' x 100% (4)

i=1 G]
Where Z?=1 is the total concentration of all combustible gases (H,, CH4, CoHg,
CyHa, CoHy), P; represents the percentage of each gas.

3.2 Data Resampling Methods

Imbalanced datasets are a common challenge in classification tasks, particularly when
the number of samples in one class significantly outweighs the other. Resampling
is a widely adopted approach to solve this problem by modifying the distribution
of data to achieve class balance. According to [27], a balanced dataset can improve
the performance of classification models by reducing bias toward the majority class.
Resampling techniques can be broadly categorized into three types: undersampling,

oversampling, and hybrid methods.

3.2.1 Random Oversampling

Random oversampling increases minority class samples by randomly generating new
samples from existing ones until the dataset is balanced. A balanced dataset can improve
the ability of a model to learn minority class instances, and this may avoid bias during
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training. Although this method is simple and able to balance datasets, it can result in
overfitting [27]. By simply replicating existing samples, the model may become very
reliable on these exact samples, and this can limit its ability to generalize to new data.

3.2.2 Synthetic Minority Over-Sampling Technique (SMOTE)

The Synthetic Minority Over-Sampling Technique (SMOTE) was introduced by
Nitesh V. Chawla, and it is the most commonly used resampling method for balancing
an imbalanced dataset [29]. SMOTE generates synthetic data points by interpolat-
ing between existing minority class data points. SMOTE first finds the k nearest
neighbors for each minority class sample and then generates new synthetic samples
by interpolating between the original sample and these neighbors.

3.2.3 Adaptive Synthetic Sampling (ADASYN)

Adaptive Synthetic Sampling (ADASYN) was developed by Haibo He et al. in 2008
[30]. The method was proposed to handle classification tasks where conventional
resampling methods struggle. ADASYN generates synthetic minority class samples
based on samples that are difficult to learn, unlike other oversampling methods. The
method works on the principle that some minority class samples are difficult to classify
because they cannot be easily distinguished from majority class samples.

3.2.4 Borderline-SMOTE

Borderline-SMOTE improves the original SMOTE by creating synthetic data from
borderline samples that belong to the minority class [31]. The principle behind bor-
derlineSMOTE is that misclassifications mostly occur near the decision boundary,
making minority class samples close to the majority class that can be easily mis-
classified. The two variants of borderline-SMOTE are borderline-SMOTE1 and
borderline-SMOTE2. Borderline-SMOTE1 generates synthetic samples by interpo-
lating between a DANGER minority instance and any of its nearest neighbors within
the minority class. Borderline-SMOTE2 creates synthetic samples by interpolating
between a DANGER minority instance and only those of its nearest neighbors that
are also classified as "danger" minority instances.

3.2.5 Hybrid Resampling Methods

The hybrid method technique combines oversampling and undersampling meth-
ods. SMOTE-Tomek and SMOTE-ENN are two of the most common resampling
methods that use both oversampling and undersampling.

a) SMOTE-Tomek

SMOTE-Tomek extends the SMOTE method by adding the Tomek Links method
to data balancing. Tomek links identify pairs of nearest neighbors from different
classes. A pair of links is formed when minority and majority samples are so close
[32]. The method then removes instances that form links from the majority class.
The SMOTE-Tomek method increases class separation by keeping data samples
from the minority class from overlapping with the majority class samples, and this
can improve classification performance.



IJECBE 699

b) SMOTE-ENN

SMOTE-ENN uses Edited Nearest Neighbors (ENN) instead of Tomek’s links
to remove samples that can be easily misclassified. ENN removes misclassified
instances from the majority class and minority classes based on their nearest
neighbors so that the decision boundary is clearly defined [33]. SMOTE-ENN
is an aggressive resampling method, and as a result, it sometimes reintroduces
imbalances into a dataset. Excessive deletion of samples can lead to loss of important
information and low classification performance.

3.3 Random Forest Classifier

The random forest method, which is the most popular ensemble model, was introduced
by Breiman in 2001 [34]. Random forest is a combination of multiple decision trees
through a process called bagging. Each tree is trained from a bootstrap sample of
training data, with data points being chosen at random. During tree growth, a random
subset of features is split at each node. The combination of bootstrap sampling and
random feature selection reduces model overfitting by preserving the diversity of the
individual trees. Figure 1 shows the random forest classification process.

Training Training Training
—> Data Data ese Data
1 2 n
Training ¢ ¢ ¢
Set Decision Decision Decision
Tree Tree Tree
\ 2* !
Voting
Test Set (averaging)
Prediction

Figure 1. Random forest classifier

The theoretical characterization of random forest classifier can be mathemati-
cally represented. Let {h(x, Gk)}le be the ensemble of trees, where each 0, is an
i.i.d random vector encoding both bootstrapping and random-feature choices. The
confidence level of the random forest model to correctly identify a class label is then
calculated using margin function in equation (5).

K K
1 1
g0, = DL 0) = ¥) e D0 =)
=1 =1

1, lf the condition is true
0, otherwise

sents a feature vector, Y is a true class label for X, K is a total number of trees, h(X, 0},

is a prediction of a single tree built using random parameter 8. After margin function

is calculated, the next step involves finding the strength of a Random Forest which is

Where I shows an indicator function, with I = X repre-
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the average margin over the data distribution. Strength can be calculated using the
equation (6).
s=Ex y(mg(X,Y)) (0)

Where Ex y denotes expected average margin over the joint distribution of input
and labels In addition to strength, another factor called correlation is to be calculated.
Correlation measures the average similarity in prediction errors between any two
trees. Correlation is calculated using the equation (7).

By (p(hi(x), hj(x))oy,0 hj)
B 5(94,9%)

Where ), denotes error berween tree hi and h;,p(h;(x), hj(x)) is the correlation

()

p=

between the outputs of tree ; and tree h; , 0, and 0}, are standard deviations associated
with tree 0}, and tree 0 - Strength and correlation give the following upper bound

on the limiting generalization error in equation (8).

= ﬁ(l ;52) (8)

s

Where € denotes generalization error, p is a correlation, and s shows strength of
trees. A smaller p (weakly correlated trees) and larger s (strong trees) both drive error
downward.

The step-by-step process for random forest classification can be demonstrated
below.

Algorithm Random Forest Classifier

Input:
Training dataset D = {(x1, y1), ..., (xu, yu) }
Number of trees K
Number of features to sample at each split m (m < total features M)
Output:
Class H {hy(y, ha(x), ..., hic (%) }
Procedure:
fork=1,2,.. Kdo
D), «BootstrapSample (D)
T}, «GrowTree (Dy, m)
while stopping criteria not met do
Randomly select m features from M
Find best split among selected m features
Split node and repeat for child nodes
end while
hi(x) « Ty,
end for
Define H(x) < majority vote
Return H(x)
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4. Results and Discussions

In this chapter, we present the results of the random forest classification model on
imbalanced and balanced data under different data uncertainty conditions. The first
step is to add uncertainty in the form of Gaussian noise to the dataset. The noise
added is randomly generated, and it does change the class level, which may then
influence model output. This means that there is no information transfer is introduced
between training and testing samples, and this means that data leakage is extremely
minimal. After that, the data is then split into training and testing subsets. The
training samples are balanced using various resampling methods before they are used
to train the model. The testing data is left untouched (not balanced) so that the data
does not become artificial, which may produce false high performance. After the
training dataset is balanced, both training and testing data are then converted to
percentages. The random forest performance is then evaluated on both imbalanced
and balanced datasets with various resampling methods to determine the best model
based on classification accuracy, precision, recall, and F1 score.

4.1 Random Forest Classifier Performance Evaluation

This part presents an analysis of random forest classification accuracy in detail when
combined with different resampling methods for each level of data uncertainty. In
particular, the analysis provides a detailed account of how the classifier performs
under different dataset training and testing percentage splits (split I: 70:30, split I1:
80:20, and split I1I: 90:10). The simulation was run five (5) times, and the average was
taken in order to account for variations in performances due to the randomness of
uncertainty. All experiments were conducted using default hyperparameter settings
across both imbalanced and balanced datasets, and all uncertainties. In other words,
no additional hyperparameter tuning or optimization was performed. We did this
deliberately to make sure that the influence of hyperparameters is controlled, and any
observed performance variations are solely determined by the resampling methods
and uncertainty levels.

4.1.1 Random Forest Classifier Performance at Split |

The performance of the Random Forest classifier in predicting fault classes under
varying levels of data uncertainty is presented in Table 2 to Table 5. Specifically, Table
2 summarizes the classification accuracy and average accuracy across data uncertainty
ranging from 0% to 20%, which is calculated for each resampling method. In addition
to accuracy, other performance metrics, which include precision, recall, and F1 score,
are presented in Table 3, Table 4, and Table 5, respectively, to test the overall strength
of the model since it is dealing with data imbalance.

From the analysis, it can be observed that ROS produced the best performance
results at low uncertainty levels (0% and 10%), which may be associated with the
straightforward oversampling approaches being more suitable when data perturbations
are minimal. At 5% uncertainty, the highest performance was obtained without
applying any resampling technique, which implies that resampling may offer limited
benefit under moderate uncertainty conditions.
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Table 2. Classifier’s performance representation using accuracy

Resampling Method  Accuracy at Different Uncertainties (%)

0 5 10 15 20 Average
No Resampling 84.75  83.62 8226  80.57  79.89 82.22
ROS 8531 8351 83.28 80.57  79.10 82.35
SMOTE 84.18 8339 8294 81.02 80.79 82.46
ADASYN 83.05 80.68 80.34 79.55  78.76 80.48
Borderline-SMOTE1 81.92  80.23  78.53 77.29  79.10 79.41
Borderline-SMOTE2 84.18  82.03  79.89 7797  79.10 80.63
SMOTE-ENN 81.36  79.55  78.99 76.27  75.37 78.31
SMOTE-Tomek 84.18  83.17 8294  80.79  80.57 82.33

Table 3. Classifier’s performance representation using precision

Resampling Method

Precision at Different Uncertainties (%)

0 5 10 15 20 Average
No Resampling 85.03  84.08 8336 8164  81.10 83.04
ROS 85,59 8395 84.28 8134 80.21 83.07
SMOTE 84.47  83.81 83.83  81.57 81.69 83.07
ADASYN 83.02  80.57  80.82 80.09  79.11 80.72
Borderline-SMOTE1 81.96 80.19 7877 7727  79.30 79.50
Borderline-SMOTE2 84.41 8225 80.31 7841  80.35 81.15
SMOTE-ENN 83.37 8159 8107 77.82 7870 80.51
SMOTE-Tomek 8430 83.84 8368 8174 8158 83.03

Table 4. Classifier’s performance representation using recall

Resampling Method

Recall at Different Uncertainties (%)

0 5 10 15 20 Average
No Resampling 84.75  83.62 8226  80.57  79.89 82.22
ROS 8531 8351 83.28 80.57 79.10 82.35
SMOTE 84.18 8339 8294 81.02 80.79 82.46
ADASYN 83.05 80.68 80.34 79.55 7876 80.48
Borderline-SMOTE1 8192  80.23  78.53 7729  79.10 79.41
Borderline-SMOTE2 84.18  82.03  79.89 7797  79.10 80.63
SMOTE-ENN 8136  79.55  78.99 76.27 7537 78.31
SMOTE-Tomek 84.18 8317 8294 80.79  80.57 82.33

When the uncertainty levels were increased to 15% and 20%, SMOTE performed
better than the other methods, and this resulted in the highest average performance.
This may be an indication that SMOTE is better at preserving data patterns under
higher uncertainty than other resampling methods used. Across all uncertainty levels,
SMOTE-ENN has shown the lowest results due to being more aggressive in data

cleaning, and this makes it less robust to noisy datasets.



IJECBE 703

Table 5. Classifier’s performance representation using F1 score

Resampling Method F1 Score at Different Uncertanties (%)

0 5 10 15 20 Average
No Resampling 84.89 83.85 82.81 81.10 80.48 82.63
ROS 85.45 83.73 83.78 80.95 79.65 82.71
SMOTE 84.32 83.60 83.38 81.29 81.24 82.77
ADASYN 83.03 80.62 80.58 79.82 78.93 80.60

Borderline-SMOTE1 81.94 80.21 78.65 77.28 79.20 79.46
Borderline-SMOTE2 84.29 82.14 80.10 78.16 79.72 80.88
SMOTE-ENN 82.35 80.56 80.02 77.04 77.00 79.39
SMOTE-Tomek 84.24 83.50 83.31 81.26 81.07 82.68

4.1.2 Random Forest Classifier Performance at Split Il

The classification results using accuracy, precision, recall, and F1 score metrics under
different resampling methods and uncertainty levels are shown in Table 6 to Table
9. Under this data split, Borderline-SMOTE2 has the highest performance results
when there is no data uncertainty applied (0%). However, its performance dropped
significantly when uncertainty was applied to the dataset. This observation may be
an indication that the method is more effective with the clean dataset but sensitive to
noisy instances. When uncertainty was increased to 5%, the dataset balanced with
ROS resampling provided the highest performance, which suggests that preserving
the original data structure is more important under slightly higher uncertainty. At
10% uncertainty, the dataset with no resampling achieved the best results. However,
its performance falls below that of SMOTE at 15% and 20% uncertainty. Like in
the previous split (70:30), SMOTE-ENN consistently shows the lowest performance
among the methods used, indicating reduced stability in the presence of noisy data.
Under this data split (80:20), it can be observed that SMOTE has a better resistance to
the influence of noise on classification performance.

Table 6. Classifier’s performance representation using accuracy

Resampling Method Accuracy at Different Uncertainties (%)

0 5 10 15 20 Average
No Resampling 83.05 83.56 81.70 80.51 76.95 81.17
ROS 83.05 83.73 80.34 78.64 77.29 80.61
SMOTE 83.90 83.05 81.36 80.68 77.46 81.29
ADASYN 83.05 82.71 81.02 79.15 75.60 80.31

Borderline-SMOTE1 83.05 81.86 77.97 77.96 75.09 79.19
Borderline-SMOTE2 84.75 80.85 79.83 78.14 75.59 79.83
SMOTE-ENN 80.51 80.85 79.83 77.46 74.91 78.71
SMOTE-Tomek 81.36 83.39 80.85 79.83 76.10 80.31
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Table 7. Classifier’s performance representation using precision

Resampling Method Precision at Different Uncertainties (%)

0 5 10 15 20 Average
No Resampling 83.62 84.70 82.59 82.25 78.50 82.33
ROS 83.62 85.09 81.51 80.50 78.91 81.93
SMOTE 85.39 84.53 82.10 82.43 79.31 82.75
ADASYN 84.80 83.60 81.71 81.22 76.74 81.61

Borderline-SMOTE1 83.08 82.50 78.75 78.78 75.88 79.80
Borderline-SMOTE2 85.76 81.74 80.34 79.59 77.04 80.89
SMOTE-ENN 81.58 81.95 80.65 79.47 77.11 80.15
SMOTE-Tomek 82.42 84.60 81.63 81.20 77.74 81.52

Table 8. Classifier’s performance representation using recall

Resampling Method Recall at Different Uncertainties (%)

0 5 10 15 20 Average
No Resampling 83.05 83.56 81.70 80.51 76.95 81.17
ROS 83.05 83.73 80.34 78.64 77.29 80.61
SMOTE 83.90 83.05 81.36 80.68 77.46 81.29
ADASYN 83.05 82.71 81.02 79.15 75.60 80.31

Borderline-SMOTE1 83.05 81.86 77.97 77.96 75.09 79.19
Borderline-SMOTE2 84.75 80.85 79.83 78.14 75.59 79.83
SMOTE-ENN 80.51 80.85 79.83 77.46 74.91 78.71
SMOTE-Tomek 81.36 83.39 80.85 79.83 76.10 80.31

Table 9. Classifier’s performance representation using F1 score

Resampling Method F1 Score at Different Uncertainties (%)

0 5 10 15 20 Average
No Resampling 83.33 84.16 82.14 81.37 77.72 81.74
ROS 83.33 84.38 80.92 79.56 78.09 81.26
SMOTE 84.64 83.81 81.73 81.55 78.40 82.03
ADASYN 83.92 83.18 81.36 80.17 76.17 80.96

Borderline-SMOTE1 83.06 82.19 78.36 78.37 75.48 79.49
Borderline-SMOTE2 85.25 81.26 80.08 78.86 76.41 80.37
SMOTE-ENN 81.04 81.38 80.24 78.45 75.99 79.42
SMOTE-Tomek 81.89 84.00 81.24 80.51 76.91 80.71

4.1.3 Random Forest Classification Performance at Split Il

The classification performance under this split (90:10) is presented in Table 10 to Table
13. With this data split, ROS achieves the best results in almost all data uncertainties
except at 20where it scores lower than the dataset with no resampling technique
applied. The other observation made is that ROS showed the same performance
when there was a clean dataset, as the SMOTE-Tomek method for accuracy and
recall; However, its precision is better than that of SMOTE-Tomek. This may be due
to its ability to minimize data distortion and maintain data structure, which led to
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better class discrimination. Unlike the previous splits, SMOTE-ENN performance
increased, whereas Borderline-SMOTEI significantly dropped to the lowest of all
the methods. This may indicate that the aggressive elimination of instance overlaps
usually associated with SMOTE-ENN is lower with the increased training dataset.
Another important observation made is that ADASYN and SMOTE-Tomek showed
similar performance in terms of accuracy and recall in split I, but SMOTE-Tomek
produced better precision results. However, in the splits IT and III, SMOTE-Tomek
produced higher results than ADASYN. This is likely due to the increased presence of
“hard-to-classify” instances generated by ADASYN, which distorted class distinction.

Table 10. Classifier’s performance representation using accuracy

Resampling Method Accuracy at Different Uncertainties (%)

0 5 10 15 20 Average
No Resampling 86.44 84.41 82.71 80.34 78.65 82.51
ROS 88.14 86.10 83.39 82.03 76.27 83.19
SMOTE 86.44 83.05 81.02 81.70 77.29 81.90
ADASYN 84.75 81.02 77.97 7831 74.24 79.26

Borderline-SMOTE1 79.66 79.66 77.63 77.96 74.24 77.83
Borderline-SMOTE2 79.66 80.00 81.36 78.99 73.22 78.64
SMOTE-ENN 84.75 81.70 78.65 80.00 73.22 79.66
SMOTE-Tomek 88.14 85.09 82.04 81.02 76.95 82.65

Table 11. Classifier’s performance representation using precision

Resampling Method Precision at Different Uncertainties (%)

0 5 10 15 20 Average
No Resampling 87.19 84.89 83.31 81.07 79.78 83.25
ROS 89.26 86.74 84.45 82.92 77.30 84.13
SMOTE 86.89 83.33 81.02 82.31 78.35 82.38
ADASYN 85.11 81.85 79.55 79.08 75.23 80.16

Borderline-SMOTE1 79.73 79.86 77.92 78.78 75.86 78.43
Borderline-SMOTE2 81.71 80.24 81.55 79.89 75.10 79.70
SMOTE-ENN 85.09 82.55 79.92 81.57 75.47 80.92
SMOTE-Tomek 88.32 85.41 82.47 82.31 78.44 83.39

In addition to the use of tables to represent accuracy, the performance is presented
as graphs and confusion matrices in Figure 2 to Figure 8. The confusion matrices
summarize the classification accuracy of the random forest classifier. Each confusion
matrix displays the performance for the best resampling method for each training and
testing split. The average accuracy classification of the results is calculated for each
fault in each confusion matrix across the various uncertainty levels. The results are
then represented with one confusion matrix.

Figure 6 presents the confusion matrix average accuracy of SMOTE for each fault
type under split I. The classifier obtained relatively high prediction accuracy for T1
(91.42%), T3 (88.77%), and D1 (88.63%) faults. Moderate accuracy is observed for
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Table 12. Classifier’s performance representation using recall

Resampling Method Recall at Different Uncertainties (%)

0 5 10 15 20 Average
No Resampling 86.44 84.41 82.71 80.34 78.65 82.51
ROS 88.14 86.10 83.39 82.03 76.27 83.19
SMOTE 86.44 83.05 81.02 81.70 77.29 81.90
ADASYN 84.75 81.02 77.97 78.31 74.24 79.26

Borderline-SMOTE1 79.66 79.66 77.63 77.96 74.24 77.83
Borderline-SMOTE2 79.66 80.00 81.36 78.99 73.22 78.64
SMOTE-ENN 84.75 81.70 78.65 80.00 73.22 79.66
SMOTE-Tomek 88.14 85.09 82.04 81.02 76.95 82.65

Table 13. Classifier’s performance representation using F1 score

Resampling Method F1 Score at Different Uncertainties(%)

0 5 10 15 20 Average
No Resampling 86.81 84.65 83.00 80.70 79.21 82.87
ROS 88.70 86.42 83.92 82.47 76.78 83.66
SMOTE 86.66 83.19 81.02 82.00 77.82 82.14
ADASYN 84.93 81.43 78.75 78.69 74.73 79.61

Borderline-SMOTE1 79.69 79.75 as 78.37 75.04 78.12
Borderline-SMOTE2 80.67 80.12 81.45 79.44 74.15 79.17
SMOTE-ENN 84.91 82.12 79.28 80.78 74.33 80.28
SMOTE-Tomek 88.23 85.25 82.25 81.66 77.79 83.04

T2 (78.22%), PD (72.18%), and D2 (70.79%) faults. The D2 fault displays the highest
misclassification, with 29.21% of instances misclassified as PD (12.48%), D1 (7.46%),
and T1 (9.27%). The lowest prediction accuracy for the D2 fault suggests that the
classifier struggles to correctly differentiate the D2 fault type from the other faults.

Figure 7 displays the classifier performance with the SMOTE confusion matrix
for split II. The T2 fault achieved the highest accuracy, correctly identifying 88% of
the samples. Moderate accuracy results were also observed for faules T1 (86.84%), D1
(84.26%), and T3 (83.24%). In addition, a significant reduction in accuracy occurred
for the D2 fault, with only 75.06% correctly identified and 24.94% misclassified. The
lowest classification was recorded by the PD fault, identifying 69.91% correctly and
misclassifying 30.09%, with 24.54% incorrectly labeled as D1, 4% labeled as D2, and
1.55% as T1.

Figure 8 shows the random forest classifier confusion matrix with ROS at split I1I
of the dataset. The figure shows the average performance for the different fault types.
The model recorded relatively high accuracy for D1 (93.87%), T1 (88.55%), and T3
(87.60%) faults. Moderate accuracy is observed for PD, D2, and T2 faults, with correct
predictions ranging from 72% to 78%. The most significant misclassifications occur
for T2 (27.61%), PD (23.11%), and D2 (22%) faults. The high false classifications are
caused by the difhiculty of the classifier to differentiate between these fault types. This
difficulty is likely caused by noisy instances which create increased class overlaps.
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4.2 Comparison with a Previous Study

The DGA dataset used in this research has been used before in the literature. For
example, P.A.R. Azmi et al. applied various resampling techniques with different
machine learning classifiers [20]. Among all the methods used, the support vector
machine (SVM) with edited nearest neighbors (ENN) achieved the highest classi-
fication accuracy. However, this study further improved the performance using a
random forest classifier with the resampling methods. A detailed comparison of the
classification accuracies between the proposed approach and that of P.A.R. Azmi et al.
is presented in the table below.

Table 14. Comparison between the previous methods and the proposed methods

Train-Test Previous Method Proposed Methods
(%)
Method Accuracy Method Accuracy
(%) (%)
70:30 SVM-ENN 77.33 RF-ROS 85.31
80:20 SVM-ENN 78.00 RF-Borderline-SMOTE2 84.75
90:10 SVM-ENN 88.00 RF-ROS 88.14

In the table above, the proposed approach provided increases in accuracy compared
to the previous study as follows: 7.98% with RE-ROS for split I (70:30), 6.75% with
RF-borderlineSMOTE?2 for split 11 (80:30), and 0.14% with RE-ROS for split 11
(90:10). To clarify, the analysis only compares the results with the previous study
for each training and testing split of the dataset without added uncertainty. This is
because the previous study did not account for data uncertainty in the analysis.
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5. Conclusion

In this paper, we presented the performance of random forest (RF) combined with
different resampling methods to predict faults in power transformers when data im-
balance and uncertainty are considered. Among all the models studied, RF combined
with SMOTE obtained the highest average accuracy with training and testing splits
of 70:30 and 80:20. In addition, RF with ROS achieved the highest average accuracy
with a 90:10 split. These results suggest that the choice of a resampling method with
a random forest classification model for imbalanced and uncertain data is crucial. This
suggests that RF with suitable resampling methods provides satisfactory results and
can be used in utilities for power transformer fault diagnosis.

Future work should investigate conventional methods such as Duval triangles and
pentagons, IEC code ratios, and Rogers’ ratios. In addition to that, future research
should use the random forest classifier with other machine learning models, such as
SVM, KNN, ANN, and so on, to obtain complete and valid results.
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